Watershed modeling requires accurate estimates of precipitation, however in some cases 5 it is necessary to simulate streamflow in a watershed for which there is no precipitation gauge 6 records within close proximity to the watershed. For such cases, we propose an approach for 7 estimating watershed-scale precipitation by combining (or fusing) gauge-based precipitation 8 time series with radar-based precipitation time series in a way that seeks to match input 9 precipitation for the watershed model with observed streamflow at the watershed outlet.
INTRODUCTION
There are many challenges associated with applying watershed models to water quantity and quality problems (Singh and Woolhiser, 2002) . One of the most basic challenges is 
147
Weather observations including temperature, wind speed, humidity, and precipitation
148
were obtained from the National Climatic Data Center (NCDC). watershed boundary is one of the challenges addressed by this study. Based on these data,
152
we found that the average daily maximum and minimum air temperature were 22.4
• C and 9.7
153
• C, respectively, while the humidity and wind speed were 62% and 1.60 m/s, respectively, over that only the precipitation input and resulting calibration parameters were allowed to vary.
216
Additional detail for the three model simulations, including a description of how the three 217 input precipitation time series were created, follows.
218
Gauged Precipitation Case: The five nearest gauges to the watershed (shown in Fig-219 ure 1), all within 18 km of the watershed boundary, were included in the analysis. Ordinary ries were combined into a new time series using the following algorithm. The combined 232 precipitation value for day i and subbasin j (P c,i,j ) was selected using the condition
where P g,i,j and P r,i,j are the gauge and radar precipitations, respectively, for day i and 234 interpolated (using OK and AW methods, respectively) to subbasin j. The terms q i , p g,i,j ,
235
and p r,i,j represent a percent difference between an observed value on day i and an average 236 term. These terms are calculated as
where Q m,i is the measured streamflow at the outlet of the watershed for day i. The terms
240
Q m,i , P g,i,j , and P r,i,j are average terms that take into account three time windows around 241 the the observation recorded on day i: the average of all observations taken within the same 242 month and year, observations taken within the same year, and all observations within the 243 study period. These three time window averages are then averaged themselves as
where the terms Year-Month(i) and Year(i) represent the month of the year and the year for where m is the total number of subbasins.
251
The approach can be explained by the following example. Suppose that the precipitation 252 is observed using radar on March 14, 2005 and interpolated to one of the watershed subbasins.
253
This observation would be represented by P r,i,j in our nomenclature where r stands for radar, with the daily averaged calculations reported earlier in this paper. 
where Q m,i is the measured streamflow at the outlet of the watershed for day i, Q p,i is the 303 predicted streamflow at the outlet of the watershed for day i, and Q m is the average of the 304 measured streamflows. E values range from negative infinity to unity and, as the value of 305 E approaches unity, the model efficiency increases such that when E = 1, the predicted 306 streamflow perfectly matches the measured streamflow.
307
A second approach is to use a coefficient of determination (R 2 ), which measures the 308 amount of variation of the simulated streamflow that is explained by variation in the observed 
where n is the number of days and the summations are over all observations in the time series.
311
R 2 values range from zero to unity and, as the value of R 2 approaches unity, the model is 312 able to explain more of the variability present within the observed streamflow dataset.
313
A third approach is the Percent Bias (PB) calculated as
where Q p is the predicted average streamflow and Q m is the measured average streamflow, monthly rather than a daily calibration.
364
We tested if differences in the predicted streamflow between the combined case and the 365 gauge and radar cases were statistically significant using a two-tailed t-test. We found that 366 differences between gauge vs. combined and radar vs. combined were significant with a 367 95% confidence interval for the calibration period. For the evaluation period, the differences 368 between gauge vs. combined were significant, but the differences between combined vs. data is accumulated over the period of analysis, the combined case does produce the most 447 accurate total water balance by a slight margin over the radar case. It is also clear from the 448 total water balance summations that the gauge case produces streamflow predictions that 449 overestimate the total water balance observed in the streamflow record.
450

Consideration of Alternative Combination Approaches
451
The approach presented for combining gauge and radar-based precipitation estimates 452 in this study was one of four methods tested as part of our research. We focused the 453 discussion on this single method because it performed best of the methods tested. another approach (e.g., radar). Therefore, the goal in the selection process is to reconstruct 493 the true precipitation with the assumption that both precipitation observing approaches are 494 uncertain.
495
The result of this study can aid watershed modelers and decision makers in creating input to reconstruct the true precipitation that fell over that watershed.
502
There are certainly other data approaches for the data fusion algorithm that could be 503 tested besides the ones described in this paper. For example, our approach ignores valuable 504 information such as watershed conditions including vegetative cover or antecedent moisture 505 conditions, which could prove valuable in the algorithm. We believe that the primary value 506 of this work, therefore, is an argument that imperfect datasets of precipitation can be com-507 bined into a new dataset using algorithms that attempt to maximum informational content 508 extraction.
509
Despite the success of the combined methodology presented here, we caution that the 510 results of this study may be dependent on conditions specific to the region studied (e.g., cli-511 mate, ecology, and geology). Therefore the methodology we followed for testing the combined precipitation datasets and the alterable approaches for combining the two time series briefly 513 described in this paper should be applied when using this approach for other watersheds. 
